We analyze empirically the impact of urbanization (i.e., urban agglomeration) on Italian wages, in contrast to other empirical studies on Italy that have focussed on localization effects (i.e., industrial agglomeration). How to define and measure urbanization is a matter of investigation in itself. The population distribution, for instance, is much more dispersed in Italy than in the US. Thus, whether to use the same threshold value to define a "large city" is a debatable issue. The application of spatial data analysis techniques provides us with an original tool to distinguish between urban and non-urban areas. Using micro-data from the Bank of Italy's Survey of Household Income and Wealth for the years 1995, 1998, 2000 and 2002, we estimate Mincerian wage functions and test whether city-specificities command a premium. Controlling for self-selection and endogeneity issues, we find that employees working in large cities obtain a 2-3 percent wage premium. However, when we impose a linear relationship between earnings and population mass, the estimated agglomeration effect becomes on average very small in size, though remaining statistically significant.
INTRODUCTION
While the relationship between urbanization and wages has been widely tested for the US (e.g., Glaeser and Mare' (2001) find a 33 percent urban wage premium with respect to non-metropolitan locations), to our knowledge this is the first paper that analyzes the impact of urban agglomeration on Italian wages. The absence of empirical work on this subject is rather surprising. The Italian literature has typically focussed on regional disparities (e.g., North-South divide) and, more recently, on the impact of industrial agglomeration. We show that in Italy localization and urbanization effects are quite distinct phenomena. Thus, finding the existence of an urban wage premium would not be in contradiction with the absence of industrial cluster average wage differentials that has recently been found in the Italian literature (see, for instance, de Blasio and Di Addario, 2002 or Cingano, 2003 .
Another distinctive feature of this paper is that it measures agglomeration effects arising from population mass, in contrast to the majority of the studies that are predominantly concerned with population or employment density (Rosenthal and Strange, 2004) . 1 How to define and measure urbanization is a matter of investigation in itself. Glaeser and Mare' (2001) define a large city as a metropolitan area with more than 500,000 inhabitants. The Italian population is much more evenly distributed than that in the US, where cities take up only 2 percent of total land and contain almost 80 percent of total population. In contrast, the ten Italian largest cities occupy 6 percent of the land and collect only 26 percent of the population. In this paper we use spatial data analysis techniques (namely, the Moran Scatterplot and Local (Anselin, 1995 (Anselin, , 1996 ) to assess the extent of the Italian population spatial clustering at the Local Labor Market (LLM) level. We find that the appropriate threshold value to define a large city in Italy is lower than that in the US and amounts to about 400,000 inhabitants.
Indicators of Spatial Association
We use micro-data from four consecutive waves of the Bank of Italy's biannual Survey of Household Income and Wealth, for the years 1995, 1998, 2000 and 2002 . The dataset comprises about 22,000 employees and covers 242 randomly drawn LLMs (30 percent of the total). We estimate Mincerian wage functions, and we test whether city-specificities command a wage premium. Although the average agglomeration effect is virtually zero when we impose a linear relationship between earnings and population size (a 1,000,000-inhabitant rise in population size increases wages only by 0.01 percent), we find that wages are on average 2-3 percent higher in large cities than elsewhere in the country.
These results are robust to correcting for endogeneity and self-selection. Indeed, our findings could be due to endogeneity if large cities attracted the most able people.
2 Moreover, we would have a problem of self-selection if the most productive people living in large cities had a higher probability of being employees with respect to elsewhere in the country. We correct the potential endogeneity problem by instrumenting the population mass in 1997 with the population in 1961, on the grounds that the latter is highly correlated to the former while exogenous with respect to wage determination in the 1995-2002 period. We correct the potential self-selection bias using individuals' family background as selection variables (since intergenerational persistence in Italy is high).
The remaining of the paper is organized as follows. Section 2 offers a descriptive analysis of the Italian urban structure, showing the main features of workers and firms in the most highly populated areas. Section 3 determines the threshold value defining a large city by measuring the extent of the spatial correlation of the population between neighboring locations. Section 4 investigates the existence and magnitude of the urban wage premium, and Section 5 concludes.
URBANIZATION IN ITALY
Our territorial unit of analysis is the local labor market (LLM). This choice is essentially motivated by three reasons. First, LLMs are "self-contained" labor markets, since by definition they are characterized by a very high overlapping between the residing and the working population.
3 Labor mobility between LLMs should thus be very low (OECD, 2002) , which minimizes the problems of endogeneity that may arise when one estimates urban wage premia. Second, LLMs partition the entire national territory, allowing us to draw conclusions with a general validity (in contrast to case studies). Third, LLMs are increasingly used as the territorial unit of analysis 2 There are a number of reasons why this should be the case. For instance, large cities offer consumption amenities not available in the smallest towns (e.g., airports or cultural events; Adamson, Clark and Partridge, 2004 ), but at the same time suffer from higher cost of living due to congestion. It is then possible that only the most productive people can afford paying differential rents due to congestion.
in the agglomeration literature (see Rosenthal and Strange (2004) for a survey) and are now available in a number of countries (including the UK's Travel-to-Work Areas and the French zone d'emploi).
4
Figure 1 displays the distribution of Italian LLMs by residing population. The percentiles i (i=1,…,10) of the empirical distribution of the population is reported on the horizontal axis and the number of LLMs with a population within the (i-1) and i percentile on the vertical axis. The apparent almost perfect normal shape of the curve shows clearly that, contrarily to the US, the Italian population is not concentrated in a few areas. percentiles of population n. of LLMs Table 1 compares the average wages of the workers living in the LLMs in the top 5 percent of Italy's population distribution to those living elsewhere in the country and shows that the former are 4.8 percent higher than the latter. 5 The difference in the mean values is statistically significant at the 1 percent level, suggesting the existence of an urban wage premium.
In order to understand better the possible sources of this urban-non urban wage differential, we now provide a descriptive analysis of the most populated LLMs' main features. Figure A2 -mapping the share of high skilled population in total residents -reveals that in Italy high human capital workers concentrate in the largest cities. This suggests that urban wage premia may be due to labor force composition effects.
Column (2.5) reports the top 5 percent LLMs' unemployment rates. The values are all within one standard deviation from the mean (with the exception of Aversa) and do not seem to be decreasing with population size.
From a visual inspection of Figure A3 it seems apparent that in Italy regional unemployment differentials are more clearly associated to the North-South divide rather than to an urban-non urban partition.
7 However, Table   1b shows that average unemployment rates in the top 5 percent in LLMs in terms of residing population are roughly 2 percentage points higher than in the rest of the country. The two groups of areas appear to be quite homogeneous in terms of unemployment rates dispersion and the difference in mean values is statistically significant at the 1 percent level. This evidence, together with that presented in Table 1a , is in line with the reasoning that urbanization may increase wages in order to compensate citizens for higher unemployment rates.
Finally, we turn our attention to urban areas' production structure. Column (2.6) shows that only 15 out of the 40
LLMs can be distinguished as "Industrial Districts", 8 and none is within the ten most populated areas. This evidence seems to indicate that in Italy localization and urbanization effects are quite distinct phenomena.
In the next section we tackle the issue of how to set the threshold that defines a city in a country with a high degree of dispersion of the residing population. For instance, would it be appropriate to adopt the absolute cutoff point of 500,000 inhabitants adopted by Glaeser and Mare' (2001) Specifically, we assess the extent of the spatial clustering of the Italian population at the local level using two (complementary) tools: the Moran Scatterplot (Anselin, 1996) and the Local Indicators of Spatial Association (LISA) (Anselin, 1995) .
Moran Scatterplot and Local Indicators of Spatial Association (LISA)
The Moran scatterplot is a visual device which gives an intuition of whether a spatial unit is similar (or dissimilar) to its neighbors. It is centered on the mean and shows the value of a variable on the horizontal axis In line with the evidence of Figure 1 , we find a non-significant value of the Moran's I statistic 9 confirming that, globally, the hypothesis of spatial randomness of the Italian population distribution cannot be rejected. However, the use of a global statistic (the Moran's I) does not allow to assess the presence of spatial clusters at the local level, which is we need to do in order to be able to identify urban from non-urban locations.
While the Moran Scatterplot shows the spatial regime (position across quadrants) of each location, it does not
give an indication of the statistical significance of these local spatial association schemes. The existence of any significant local spatial pattern can be detected by the use of local spatial correlation statistics (LISA), which are "local versions" of the Moran's I statistic (Anselin, 1995) . A positive and significant value of the local statistic indicates spatial clustering of similar values (high or low), whereas a negative and significant value indicates spatial clustering of dissimilar values between an area and its neighbors. In order to detect whether an area with a positive (negative) local statistic is in the HH or LL (HL or LH) spatial regime it is necessary to look at its position in the Moran scatterplot, hence the complementarities between LISA and Moran scatterplot.
A crucial issue in this approach is the definition of the neighborhood set, as all the inference results depends on the choice of the spatial weight matrix describing the spatial interactions between locations. The characterization adopted in our analysis is discussed in the following section.
Spatial association schemes
The specification of the neighborhood set is one of the most delicate methodological issue in spatial data analysis, particularly when dealing with areal units on an irregular grid.
The spatial linkages or proximity of the n observations are summarized by defining a n×n spatial weight matrix,
w where ij w = 1 if sites i and j are designated as neighbors, and ij w = 0 otherwise. Various matrices can be considered. 10 It is important to keep in mind that all subsequent inferential analyses are conditional upon the 9 Standardized I value equal to 1.0833 (p = 0.2787) and to 1.5290 (p=0.1262), using k-nearest neighbors weight matrices with k=5 and k=10 respectively. (Asymptotic) normality is assumed. K-nearest neighbors weight matrices are defined in Section 3.2.
10 A standard approach is to define proximity in terms of contiguity (i.e., areas are designated as neighbors if they share a common boundary). Alternatively, a distance-based spatial weight matrix can be used. In this case, the most common choices are to consider areas as neighbors if they are within a specified distance threshold value d of each other or to impose a distance decay function, where the weight assigned to each observation is inversely related to its importance.
choice of the spatial weight matrix. The main concern is related to the methodological problems that may occur when the number of neighbors is allowed to vary.
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In our analysis we consider distance-based spatial weight matrices where the critical cut-off is allowed to vary for each area. We use k-nearest neighbors weight matrices where the critical cut-off for each area is determined so that each area has the same number of neighbors, k.
The spatial connection between areas is calculated from the great circle distance between area centroids. A more economically meaningful measure of proximity (e.g., volume of trade between LLMs or number of commuters), may be problematic in our analysis because of the difficulty of finding exogenous weights.
K-nearest neighbors weight matrices are defined as follows.
is a critical cut-off distance defined for each region i . More precisely,
is the th k order smallest distance between regions i and j such that each region i has exactly k neighbors. The matrices are row-
We consider k=5 and, for robustness checks, k=10. Any choice in the range k>10 would not be reasonable in a context of a densely populated country like Italy, where centers of population are located relatively close to each other. Indeed, we would end up comparing the population mass of an urban location with the one in its neighborhood set that contains another urban area. In this case, the local statistics would not provide a clear indication of population clustering (i.e., significantly different value of population with respect to surrounding locations).
Results
The application of the LISA in conjunction with the Moran Scatterplot offers an original tool to distinguish between urban and non-urban areas. We identify urban locations as the areas that are both associated to a significant LISA and are either in the HH or HL quadrants of the Moran Scatterplot. Indeed, both schemes identify the presence of a "large city", but with different characteristics. The former (areas with significant LISA in the HH regime) detects the presence of population clustering that extends beyond the boundaries of the LLM.
The latter (areas with significant LISA in the HL regime) detects the presence of a significant population mass within the LLM. Table 3 reports all the LLMs displaying 10 percent-level significant values of the LISA (second column), with the corresponding position in the Moran Scatterplot: the quadrant (last column). Tables 3a and 3b report the results obtained using alternative weight matrices (K-nearest neighbors weight matrices with K=5 in Table 3a; K=10 in Table 3b ).
From Table 3a it is apparent that the first twenty LLMs listed in Table 2 are also the areas in either the HH or the HL regime associated to a significant statistic (in italics). Thus, we define these (twenty) LLMs as "large cities", obtaining a population cut-off point of 404,526 inhabitants. Hence, the threshold of 500,000 used in the US context to identify a large city does not appear to be appropriate in the Italian context. Also, our analysis does not support the threshold choice of 25,000 inhabitants used in the US to identify a small city, as we cannot identify any significant population cluster below this threshold value. This is in fact not surprising in the Italian context, where the population is much more evenly distributed than in the US. These results are robust to the choice of the weight matrix. Indeed, when we increase the radius of the neighborhood set we still find the same areas in the HH or HL quadrant of the Moran Scatterplot with a significant value of the LISA (Table 3b) .
Interestingly, either choice of the weight matrix does not lead to the identification of any significant clustering of areas in the LL regime. In other words, there is no significant local statistic associated to the little populated Italian LLMs (i.e., below average) surrounded by areas with a similar low level of population. This result provides further evidence on the spread of the Italian population over the national territory.
We are now equipped to investigate the existence and extent of wage premia accruing to workers living in Italian large cities.
CITIES AND WAGES
We test the existence of urban wage premia with a Mincerian wage function (Mincer, 1958) , using data from the biannual Survey of Household Income and Wealth (SHIW), conducted by the Bank of Italy for the years 1995, 1998, 2000 and 2002 . This is the only Italian survey that provides individual information on education besides wages, work experience and tenure, and is hence particularly appropriate to estimate Mincerian wage functions.
We complement this information using two variables from the Labor Force Survey: the LLM population size (in 1997) and unemployment rate (in 1996). Table A4 presents descriptive statistics from our sample, which comprises all the wage-earners from a primary activity, for a total of 22,996 individuals.
12 Individuals are distributed over 242 LLMs (30 percent of the total).
The average LLM population size in the whole sample is 574,700, while in the largest LLMs (above the threshold of 400,000 inhabitants) the average increases to 1,648,000 inhabitants (against 124,400 in the remaining LLMs). The hypothesis of higher average hourly wages in urban areas, suggested by the descriptive evidence presented in Section 2, continues to hold for the finer 400,000-inhabitant threshold: average wages are 6.91 euros per hour in large cities against 6.58 elsewhere, with the difference in mean values significant at the 1 percent level. The employees who reside in the largest markets tend to be slightly older, more educated and experienced, again suggesting that urban wage premia can be explained by the presence of higher human capital (see also the evidence presented in Section 2). As expected, large cities contain more office workers, junior managers, and real estate employees. Finally, using the finer 400,000-inhabitant threshold to distinguish between urban and non urban locations, we still find that the largest markets display higher unemployment rates than the rest of the country (by 2 percentage points, with a difference in mean values still significant at 1 the percent significance level).
In the remaining of this section we examine whether the prior of higher average wages in urban areas holds true after controlling for the effects of individual and LLM characteristics.
The dependent variable of our Mincerian function is the logarithm of hourly wage rates from any activity as employee (including fringe benefits, net of taxes and social security contributions), deflated with the consumer price index for blue-collar worker and employee households (net of tobacco and gross of indirect tax variations).
Besides controlling for the standard individuals' observable characteristics, including a quadratic form of labor market experience, tenure with current employer and education, 13 we also control for some features of the worker's firm and LLM of residence, and survey years. We capture the urban effect with two alternative variables: the LLM population mass and a dummy variable (lcity) equal to one if the worker resides in a LLM with more than 400,000 inhabitants (chosen according to previous section's criteria). Table A5 reports the outcome of the ordinary least square estimates. The first three columns show the results for the regressions that measure urbanization with the population mass; the last three columns display those that refer to the "large city" dummy (lcity). In columns (A5.1) and (A5.4) the vector of control variables includes the standard Mincerian variables and individual characteristics (such as sex, marital status and macro-region of residence), and the LLM unemployment rate. Then, we gradually introduce industry characteristics and job qualification. Thus, in columns (A5.2) and (A5.5) we also control for the sector and the size of the worker's firm, 14 and the type of work contract (full-time versus part-time). Finally, in the third and sixth specifications (column (A5.3) and (A5.6)) we add the worker's job status.
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Since our territorial units of analysis are the LLMs, which are self-contained, all our regressions are standard error-adjusted for within-labor market correlation. 16 As evident from Table A5 , all the Mincerian variables are always highly significant (at the 1 percent level) and their effect is constant across the first and the last three columns. In particular, individuals with a middle school attainment earn 2-7 percent higher wages than those with primary education or no qualification, while people with a high-school diploma earn 10-29 percent more and college graduates or post-graduates 27-66 percent more. 17 As expected, wages are significantly lower for women (about -10 percent) and for the individuals residing in a LLM with a higher unemployment rate (-0.3 percent). While working in the North gives a 3 percent premium with respect to the Center, the negative effect of living in the South is rarely significant. More importantly for the objective of this study, we always find evidence of the existence of an average urban wage premium. Thus, working in a LLM with more than 400,000 inhabitants provides employees with a 2-3 percent premium. The premium is much smaller in size when agglomeration is measured by a continuous variable. Indeed, a 1,000,000-inhabitant increase in population size 14 More specifically, we adopted the finest breakdown available in the SHIW: a) manufacturing; b) building and construction; c) wholesale and retail trade, repair of motor vehicles; d) transport, warehouse, storage and communication services; e) credit and insurance services; f) real estate and renting services, IT services, research, other professional and business activities; and g) public sector (general government, defence, education, health and other public services). The benchmark is thus the agricultural sector (plus domestic services provided to households). To control for firm size we use a dummy equal to one if the workers' company has less than 100 employees. 15 The breakdown available for job status is the following: a) office worker; b) school teacher; c) worker supervisor or junior manager; d) manager, senior official, principal, headmaster, university professor, magistrate. Our benchmark is bluecollar workers (including apprentices and home-workers).
raises wages by 0.01 percent only. This last result is not surprising in the light of the consideration that the Italian wage bargaining system is still centralized to a large extent, which smoothes the agglomeration economy effect when we impose a linear relationship between earnings and population size.
Robustness checks
In this section we test whether our urban wage premium estimates are robust to self-selection and endogeneity issues.
Indeed, our estimates would suffer from self-selection bias if the most productive (e.g., the most able) people living in the largest LLMs had a higher chance of being employees. If this were the case, average ability would be higher in large cities and urban wage estimates would be biased upwards. In contrast, if the most able employees had a higher chance of becoming self-employed in large cities than elsewhere, our urban wage estimates would in fact be biased downwards.
To correct for self-selection we use a Heckman selection model. Table A6 shows the results corresponding to Table A5 's specifications. Wage estimates have been corrected with the probability of observing a wage-earner in the total labor force sample (about 25,000 observations). The selection variables used are the age, education and job status of the individual's parents, on the grounds that in Italy there is a high intergenerational persistence.
Because of a lower response on the selection variables, we are now able to run the regressions on a reduced number of individuals with respect to the OLS estimations (about 19,000 uncensored observations). In spite of the selectivity correction, point estimates and significance levels are very similar to those in Table A5 . Indeed, the Heckman's correction is justified only in the first and second specifications, with a 1 percent significant likelihood-ratio test for correlation between the wage and the selection equations. In this cases, both the LLM population size and the dummy lcity increase the probability of observing a wage-earner and have a slightly stronger impact on wages. Indeed, the urban wage premium now amounts to 3.2 percent (against 2.6 in the corresponding OLS regressions), while the size of the market continues to a have a very little effect on earnings, increasing them only by 0.02 percent (against 0.01 without self-selection correction). The negative bias of OLS coefficients suggests that in large cities it is more likely to observe a less able employee, perhaps because the most able ones have a higher chance of becoming self-employed. In any case, controlling for workers' sector and job qualification is enough to eliminate any selectivity issue (as the likelihood-ratio test is not significant): both the large city dummy and the population mass estimated coefficients and standard errors are roughly the same as in Table A5 .
To increase the confidence in our estimation results we also control for the presence of endogeneity. Indeed, urban-non urban wage differentials may arise from unobservable individual characteristics of large-city residing population. Indeed, if the most able or productive workers moved to the largest cities (see Section 1), our measures of urban agglomeration would be simultaneously determined with wages, producing (upward) biased and inconsistent parameter estimates. Table A7 Again, our dummy is always significant at the 2-4 percent levels (columns (A7.4) -(A7.6)), and the urban wage premium amounts to 2-3 percent.
Summarizing, we can conclude that on average, workers of given individual characteristics tend to earn more in the largest local labor markets.
CONCLUSIONS
To our knowledge, this is the first paper that analyzes the impact of urbanization on wages in Italy, where the existing empirical literature has rather focussed on localization effects. While the studies on industrial agglomeration do not seem to observe localization effects on earnings (e.g., de Blasio and Di Addario (2002) do not find wage premia in the Italian "Industrial Districts"), we find evidence of an urban wage premium. These results are not necessarily in contradiction, since, as we have shown, the "Industrial Districts" tend to be in the least populated LLMs, which implies that in Italy localization and urbanization effects may be quite distinct phenomena.
The application of spatial data analysis techniques provides us with an original tool to distinguish between urban and non-urban areas in a densely populated country like Italy, where towns are located relatively close to each other. Using alternative measures of urban agglomeration and controlling for self-selection and endogeneity issues, we find that employees working in large cities obtain at most a 2-3 percent wage premium. In comparison to the US, this premium is quite limited in magnitude (Glaeser and Mare' (2001) , for instance, find a 33 percent wage premium in the US metropolitan areas). We think that these findings are not surprising for mainly two reasons. First, wages are much less flexible in Italy than in the US. Second, the fact that the Italian population is much more evenly distributed than the North American one could conceivably diminish the differential beneficial effect of agglomeration economies. However, whether a country's degree of population dispersion could affect the magnitude of its agglomeration economies goes beyond the scope of our study, and we hope that future research will investigate this issue. Notes: data refer to the OLS sample of wage earners (as in Table A5 ). 
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